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Abstract: River flow forecasting models provide an essential tool to manage water 
resources, address problems associated with both excesses and deficits, and to find suitable 
solutions. With changing climate and environmental conditions, real-time methods that rely 
on data-driven methods of river flow forecasting has become appropriate enabling the use 
of real data from the recent past rather than relying on models based on the underlying 
hydrology of the catchment(s). This paper investigates the application of the novel data-
driven technique of Gene Expression Programming (GEP) to develop one-day-ahead flow 
forecasting models for catchments with widely differing characteristics. The method differs 
from other more hitherto popular data-driven techniques that produce “Black-Box” models 
in that it generates a transparent model with a mathematical expression for the mapping 
from input parameters such as antecedent rainfall/runoff to the forecast flow. Four GEP 
models using GenXproTools® software developed for four catchments show that accurate 
forecasts fit for purpose can be made from these transparent models. 
 
INTRODUCTION 
 
Data driven techniques for flow forecasting have evolved over the years from being 
complete black-box, to semi-explicit, to transparent. While the black box models such as 
those based on Artificial Neural Networks (ANN) are sufficient where a mathematical 
expression relating the input parameters such as antecedent rainfall, and flow/water level 
and the output parameter the forecast flow/water level is not sought, there is ongoing search 
for transparent models which can offer two benefits. Firstly such transparent models 
eliminate the need for the user of the forecasting model to be knowledgeable of the ANN 
software and, secondly, the mathematical expressions mapping the input to output can be 
used to elicit some insight into understanding the underlying hydrological process. Several 
researchers such as Abrahart and See [1], Sahoo et al. [2], Fernando & Jayawardena [3], 
and Shamseldin [4] have reported successful application of ANN to model runoff 
forecasting. Attempts to understand the behavior and response of the hidden units of the 
ANN and elicit some information too have been reported (e.g. Shamseldin et.al. [5], 
Fernando and Shamseldin [6]). More recently however, a preliminary study for one 
catchment revealed that a novel technique of Genetic Expression Programming (GEP) can 
produce better results compared to those using ANNs (Fernando, Shamseldin et al. [7]). 
This paper intends to present the results of further investigations of the application of the 
GEP technique to four different catchments in the world. Due to the limitations of space 
comparison of performance of the GEP models with others is excluded. 
The mathematical modelling technique adopting GEP was first discovered by 
Ferreira [8,9]. This technique is different from some of the other data-driven modeling 
techniques in that the derived model is not completely a “black-box” and the relationship 
between the input (antecedent rainfall and runoff) and the output (forecast runoff) can be 
expressed in a mathematical representation. This paper focuses on the application of the 
technique to develop one-day forecast models using GEP for forecasting daily flow in four 
catchments. 
In this study the powerful soft computing software package GeneXproTools 4.0 is 
used to perform the symbolic regression operations and develop GEP river flow forecasting 
models. The observed antecedent rainfall and flow data for the four geographically diverse 
catchments, namely, Bai He (China), Brosna (Ireland ), Han (Vietnam) and YanBian 
(China) are used. 
 
MODELLING TECHNIQUE BASED ON GENE EXPRESSION PROGRAMMING 
 
Gene Expression Programming (GEP) in this context is used to perform a non-parametric 
symbolic regression. Symbolic regression although is very similar to traditional parametric 
regression, does not start with a known function relating dependent and independent 
variables as the latter. The unknown function mapping dependent variables to the 
independent is a product of the optimisation process in GEP. This mapping function is 
constructed in an optimal manner from a number of mathematical or logical expressions 
selected from a pre-selected set specified by the programmer to yield an optimum model 
that meets a pre-chosen objective function. GEP, based on the principles of biological 
evolution, can be used to solve the symbolic regression problem. In GEP a population of 
individual combined model solutions is created initially in which each individual solution is 
described by genes (submodels) which are linked together using a predefined mathematical 
operation (e.g. addition). In order to create the next generation of model solutions, 
individual solutions from the current generation are selected according to fitness which is 
based on the pre-chosen objective function.  These selected individual solutions are allowed 
to evolve using evolutionary dynamics to create the individual solutions of the next 
generation. This process of creating new generations is repeated until a certain stopping 
criterion is met [10]. 
The GenXProTools® tool was used to identify the relationship between the input 
variables – antecedent rainfall and river flow – and the output - forecast daily river flow 
value.  
 
DATA 
 
Daily rainfall and runoff data for four catchments were used in this study. Table 1 below 
summarises the data used. 
 
 
Table 1. Catchment data used for the study  
 
Catchment Country Area 
(km²) 
Climate Length of record 
(years) 
Baihe China 61780 Semi-arid 8 
Brosna Ireland 1207 Temperate 10 
Han China 3092 Semi-arid 8 
Yanbian China 2350 Humid 8 
 
Following a cross correlation analysis the most influential antecedent flow values for 
forecasting the flow was determined; the cross correlation diagram for the four catchments 
are shown in Figure 1 below. Based on the values therein, the antecedent rainfall input 
parameters for the models were chosen as outlined in Table 2. 
 
 
Figure 1. Cross correlation between antecedent rainfall and runoff 
 
Table 2. Antecedent rainfall and inflow input parameters used as input 
Catchment Rainfall input time 
lags used for input 
Flow input time 
lags used as input 
Training 
data length 
Testing 
data length 
Baihe 1,2,3,4,5,6 1,2,3 6 years  2 years  
Brosna 1,2,3,4 1,2,3 8 years 2 years 
Han 1,2 1,2,3 6 years 2 years 
Yanbian 1,2,3 1,2,3 6 years 2 years 
 
MODEL DEVELOPMENT 
 
In order to develop the combined model in GenXProTools®, the following parameter 
settings were used to develop the four models for the four catchments.  
• Number of chromosomes: 30 
• Head size: 8 
• Number of genes : 3. (three expression trees form the final mapping function)  
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• Linking function : Addition (Expression tree functions to be added to form the final 
mapping function) 
• Constants: Two constants per gene with bounds of ±10. 
• Fitness function: Root Mean square error (RMSE)  
• Genetic operators: Default values of mutation, inversion, transportation, recombination 
and transposition 
• Symbolic functions: Twelve default functions (Table 3) from which 10 in random are to 
be chosen. 
• Stopping criterion: 100,000 generations  
 
Table 3 Set of available functions 
Function Symbol 
Addition + 
Subtraction - 
Multiplication * 
Division / 
Square root Sqrt 
Exponential Exp 
x to the power of 2 x2 
x to the power of 3 x3 
Cube root 3Rt 
Sine Sin 
Cosine Cos 
Arctangent Atan 
 
RESULTS 
 
The expression trees derived for the models are not presented here due to constraints of 
space; however, the mathematical expressions for the forecast flow Q (representing Q(t))  
are given in terms of antecedent flow (e.g. Q2 meaning Q(t-2)) and antecedent rainfall (e.g. 
R5 means R(t-5)) are summarized in Table 4. The summation of the three expressions 
forms the complete mapping function between the input variables and the forecast flow Q.  
It is interesting to note with the only exception of Q3 in Baihe model and Q2 in Brosna 
model, all the other input parameters have participated in forming the predictive models. 
It is noteworthy that the forecast flow for both the training and testing sets follow the 
actual flow with a high correlation, with the exception of Han river catchment in which 
case the agreement is not as good as the other three. Characteristics of the Han river (and 
Baihe River too) are such that the semi-arid conditions dictate low flow most times of the 
year and instantaneously rising waters responding to rain. Table 5 below summarises the 
statistics comparing the GEP model predictions and the actual flow peaks and averages 
along with the correlation coefficients. 
 
 
Table 4. Mathematical expressions of the forecasting models 
Catchment Flow Three summative Expressions 
Baihe Q (R2*R3)-((((R4-7.7)^2)-Q1)-((R3*R3)+(R3*R5))) 
 (R2*R3)*exp(atan(R4*(((R6*R5)*R6)*atan(R1))))) 
 9.9-(((Q2+((R1*R4)*R3))*((Q1-R4)*(R4*R6)))^(1/3)) 
Brosna Q ((R2-1.1)-(((Q3-R2)-R2)/(1.1-Q1)))   
 atan((atan((R3-(R4+sqrt(R2))))^3)) 
  (Q1/1.1) 
Han Q (((exp(((Q1/4.9)^(1.0/3.0)))-(Q1-
sqrt((Q2+Q2))))^2)^(1.0/3.0))*4.3 
 (R2**(1.0/3.0))*(atan((((Q1-R1)^2)-(R2^3)))-(9.9-R2)) 
 (((Q1-(R1*((R1*(-1.9))-(Q2+Q3))))/3.2)^(1.0/3.0))*R2 
Yanbian Q atan(((sqrt((Q2*R2))/(7.1-R2))+((7.1*R2)+(R1-
Q2))))*sqrt(Q1) 
 ((atan((((R2-8.9)+(R3*R2))*((8.9-R1)*(-4.4))))^3)-R2)-R2 
 (Q1+sqrt((sqrt(sqrt((R2*Q3)))*(R2*(2.9*R2)))))-R3 
 
Table 5. GEP Model forecasts compared to observed flow (Units in m³/s) 
 Baihe Brosna Han Yanbian 
GEP Actual GEP Actual GEP Actual GEP Actual 
RMS Error 
(Training) 398 3 29 23 
RMS Error 
(Testing) 528 3 56 26 
Mean Flow 
(Training) 704 743 14 14 35 35 68 69 
Mean Flow 
(Testing) 554 558 17 17 31 29 71 72 
Peak Flow 
(Training) 17410 20200 97 97 1453 1680 732 804 
Peak Flow 
(Testing) 
17696 
17780 
16200 
14300 89 93 1069 1670 618 610 
Corr.Co. 
(Training) 0.959 0.971 0.962 0.970 
Corr.Co. 
(Testing) 0.933 0.977 0.839 0.964 
  
Figures 2-5 show the plots of observed and forecast flow for the testing sets (daily 
flow for a 2 year period) for the four catchments. As illustrated, the GEP model predictions 
closely follow the observed values. 
 
 Figure 2. Comparison of GEP model forecasts and actual flow for Baihe catchment 
 
Figure 3. Comparison of GEP model forecasts and actual flow for Brosna catchment 
 
Figure 4. Comparison of GEP model forecasts and actual flow for Han catchment 
 
Figure 5. Comparison of GEP model forecasts and actual flow for Yanbian catchment 
CONCLUSIONS AND FUTURE WORK 
 
The Study carried out to investigate the application of GEP technique to predict river flow 
in widely different catchments has shown that the one day forecasts from the models 
closely match the observed ones with a high correlation coefficient. Moreover the fact that 
the mapping function can be expressed as a combination of basic operators and functions is 
an advantage. Although no comparisons have been made with forecasts from other models, 
the fact that these are transparent models and can serve the general purpose of producing 
daily forecasts of high accuracy is valuable. Further work is being carried out to compare 
these model predicted results with those obtained from another technique that does not 
provide the user with a transparent model (ANN assisted by GA for input selection). 
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